Introduction: With the growing use of electronic medical records, electronic health records (EHRs), and personal health records (PHRs) for health care delivery, new opportunities have arisen for population health researchers. Our objective was to characterize PHR users and examine sample representativeness and nonresponse bias in a study of pregnant women recruited via the PHR.
Introduction
The electronic health record (EHR) contains extensive information collected by clinicians about a patient's health status, compiled information from various health care providers, and encounters with the health care system for a particular patient. The EHR can be queried to quickly identify patients that meet specific inclusion and exclusion criteria for epidemiologic research purposes. Personal Health Records (PHRs) are patient-facing platforms that allow patients to interface with their EHR. With the growing use of EHRs and PHRs for health care delivery and quality improvement, new opportunities also have arisen for rapidly identifying, recruiting, and collecting contextual data from patients for population health research. 1 PHRs have been evaluated in the literature from patient and provider perspectives, 2 but little is known regarding their utility for conducting epidemiologic research. From a provider perspective, PHRs can assist in population care management between clinical encounters. 3, 4 Of particular concern to epidemiologic researchers is the threat of selection bias-issues of sample representative and nonresponse-given that PHRs may be utilized inconsistently across a patient population and that conclusions drawn based on data collected from PHR users may not be generalizable to a specified target population. 5 Nonetheless, PHR use is increasingly ubiquitous; patient characteristics currently associated with greater PHR use include the following: younger age, White race, female sex, and greater health care utilization (e.g., patients with multiple and chronic conditions, patients with more comprehensive preventive care coverage). [6] [7] [8] Based on frequent health care system encounters commonly associated with prenatal care, pregnant women may also fit into this latter category.
Use of the EHR for research may be termed active or passive. Passive use includes activities such as secondary data analysis or identification of patients that meet specific phenotypic requirements. Active use includes engaging patients via the use of platforms such as the EHR and PHR for recruitment and outcomes data collection. 1, 9, 10 The overall goal of this study is to describe the use, strengths, and limitations of the EHR for identifying potential study participants and the PHR for recruiting and collecting contextual data for an observational research study. We describe demographic characteristics of a population of PHR users and nonusers in a large academic health center. We then compare demographics of a study population recruited through the PHR to two comparison populations: (1) nonresponders (i.e., individuals invited to participate but that did not complete data collection activities), and (2) a representative probability sample of pregnant women in a specified target population.
Design

Comparison of PHR Users Versus Nonusers: Characterizing the Sampling Frame
In preparation for study implementation, we queried all pregnancies that met the eligibility criteria during a one-year period (November 1, 2013 to October 31, 2014) to characterize the representativeness of PHR "users" (the sampling frame, defined as the list of patients who would be eligible to participate and have access to the PHR-based questionnaire) to the target population of pregnant women in the catchment area (Figure 1 ). The following data were extracted from the EHR: PHR account activation status (none, patient declined, activated but not used, activated), age, race, ZIP code of primary residence, primary health insurance type, history of diabetes, gestational diabetes diagnosis any time during most recent pregnancy, and preeclampsia diagnosis any time during the current pregnancy.
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To illustrate the utility of the EHR and PHR for observational research and data collection, we use data from a study that was designed to assess associations between clinical factors, environmental exposures, health behaviors, and communitybuilt environment features with metabolic and cardiovascular outcomes in a population of pregnant women. One hundred eighty-seven women being seen within The Ohio State University Wexner Medical Center (OSUWMC) affiliate system in the Columbus, Ohio metropolitan area were recruited during their third trimester of pregnancy over a six-month period (March 31-September 30, 2015) into an observational research study. Participants completed a self-reported questionnaire and were followed for the duration of their current pregnancy. The Ohio State University Biomedical Institutional Review Board reviewed and approved the research protocol prior to the start of data collection.
Implementation
The OSUWMC uses the Epic (Verona, WI) EHR system. Patients were recruited via Epic's patientfacing PHR portal, MyChart. The EHR at OSUWMC was queried monthly to identify women seen in the prior six months with the following inclusion criteria: currently pregnant, third trimester ( 28 weeks), active MyChart account (defined as "opting into the platform, registering, and logging in at least once"), and not deceased. During the data collection period, 1,713 eligible patients were identified, and all received the same recruitment message via their MyChart inbox. Additionally, a message was sent to the email address with which patients registered for their account alerting them that their MyChart account contained new content. Information about the study and research team was provided; interested patients then electronically consented to participate in the research study. Prior to the questionnaire start, eligibility criteria were verified via self-report. 
Comparison of Responders Versus Nonresponders: Characterizing the Study Sample
During the active data collection period, the following de-identified data were stored for all potential patients that were invited to participate: last MyChart login date, age, race, ethnicity, ZIP code, and estimated delivery date. These patients were defined as the "sampling frame" for the study; those that completed the questionnaire were the "responders" and study population. We compared key demographic characteristics of responders (i.e., study participants) with the sampling frame (i.e., all those that met eligibility criteria and had an active MyChart account). Additionally, in order to describe the representativeness of the study population to the target population of pregnant women in the Columbus, Ohio area, we compared key demographics to aggregate publicly available demographic data previously reported by the Pregnancy Risk Assessment Monitoring System (PRAMS) surveillance project, a populationbased survey conducted by the Ohio Department of Health. 11, 12 PRAMS data are self-reported by approximately 200 women per month, and are compiled to supplement data from birth certificates and to produce generalizable estimates on all live births in the state of Ohio. 12 We selected Ohio Region 4 to match the catchment area for this project.
EHR Data
For responders who agreed to participate in the study and contribute self-reported data and clinical information, the following data were collected from the EHR following the patient's delivery date: demographics (e.g., age, race, ethnicity, smoking history, health history); health status (e.g., new diagnoses during pregnancy); laboratory and clinical tests (e.g., blood glucose measurements, blood pressure, height, weight); and delivery information (e.g., birth outcome, complications during delivery, discharge diagnoses). For patients that did not complete the MyChart questionnaire (nonresponders), only demographics were collected from the EHR and are included in the current study.
Statistical Analysis
We compared demographics between MyChart "users" (n=1,977 over a one-year period) and "nonusers" (n = 3.782 over a one-year period) to characterize the representativeness of the MyChart users to the target population of all pregnant women in the catchment area actively receiving prenatal care. We then compared patient demographics between questionnaire responders (n=187) and nonresponders (i.e., those patients that were invited to participate but declined or did not view the recruitment message, n=1,528) to describe representativeness of the study population to the sampling frame of all eligible patients who were MyChart users; Chi square tests and logistic regression were used to examine factors associated with likelihood of participation. For purposes of Volume 5 (2017) Issue Number 1 describing the potential representativeness of our study sample, we then compared respondents' demographics to aggregate data for the Columbus, Ohio area collected by the PRAMS. 13 Analyses were performed using Stata Statistical Software: Release 13.1 (College Station, Texas: StataCorp LP).
Findings
The sampling approach for the current study is summarized in Figure 1 . Our target population included all women in the third trimester of pregnancy living in the Franklin County, Ohio area. The source population included the subset of all pregnant women in the target population that were seen at OSUWMC-affiliated clinics for prenatal care. Within this population, all women with active MyChart accounts (the sampling frame) were invited to participate in the study. Finally, 187 women were included in the study sample and represented those women in the sampling frame that consented to participate in the PHR-based study and completed the baseline questionnaire. Table 2 ) than were nonresponders. In logistic regression models, none of these factors were independently associated with the likelihood of responding to the questionnaire (data not shown). There were no significant differences between the two groups with respect to age, employment status, or health insurance type.
Comparison of PHR Users
Versus Nonusers: Characterizing the Sampling Frame Approximately 6,000 babies are delivered at OSUWMC each year.
Comparison of Responders Versus Ohio PRAMS Region 4: Representativeness of the Study Sample
Compared to population-based data on pregnancies in the catchment area from the 2009-2011 PRAMS, responders had a higher representation of nonHispanic White women, higher proportion of women with educational attainment beyond a high school diploma, and comprised a higher proportion of women who were married (Table 3) . Additionally, responders reported a lower prevalence of smoking in the three months prior to the pregnancy compared to the general population (8 percent versus 34 percent).
Discussion
Prior studies demonstrate the utility and limitations of passive use of administrative health records for secondary data analysis and recruitment of population-based samples. [14] [15] [16] [17] [18] Our study extends this work to evaluate the use of the PHR for data collection activities. Overall, we found that our study sample was one that did not mirror the general population regarding distribution of demographic factors but these differences were similar to those observed in traditional observational epidemiologic studies. However, because we had extensive information about nonresponders and non-PHR users, differences could be more completely described, quantified, and directly compared to various external populations toward more accurate interpretation of the generalizability and representativeness of observed study data. One limitation of our study to note is that we collected data about PHR users from only one health system. Thus, we were unable to formally evaluate how the patient population described in this study differs from other health system patient populations.
One of the chief strengths of using the PHR for data collection over traditional methods such as mailed surveys is access to extensive data through the EHR to characterize nonresponders and to quantify the magnitude and direction of potential nonresponse bias. In the current study, we present an example comparing key demographic characteristics of responders versus nonresponders to a selfadministered questionnaire, MyChart users versus nonusers, and our study sample of responders to the general and target population These rich data sources allow us to draw stronger inferences about the target population based on our study sample, Volume 5 (2017) Issue Number 1 of pregnancy). Additionally, this method is ideal for time-sensitive issues where rapid identification and recruitment of patients meeting specific inclusion and exclusion criteria is critical.
Once eligibility is determined, automated recruitment messages can be sent directly to patients via their PHR-where they receive other communications from their health care providers. Using this secure platform to recruit patients with particular phenotypes (i.e., meeting specific inclusion and exclusion criteria based on individual and clinical characteristics) is scalable, efficient, and protects the privacy of patients' health information. Additionally, patients can obtain information from their PHR to learn more about the study details and investigators at their own convenience, and within this environment can directly contact their health care provider to solicit guidance to inform their decision about whether or not to participate in the study.
Finally, patient portals can be leveraged for collection of patient-reported outcomes (PRO) data that are not otherwise available in the EHR, improving the applicability of using the PHR for public health research. The EHR is designed to aid patient management and clinical decision-making but lacks detailed contextual information such as information about a patient's health behaviors and social context. 19, 20 These variables are essential for studies in which population health researchers examine clinical variables in the context of patient characteristics, attitudes, perceptions, and behaviors. Patient portals such as MyChart allow for efficient collection of important PRO data that can then be combined with phenotype and clinical information found in the EHR as well as data on health care utilization patterns (e.g., use of outpatient and inpatient services, cost of care).
One factor that may have limited our observed response rate may be the device used for MyChart access. Non-Hispanic black and Hispanic adults are more likely to own a smartphone and are more likely to be smartphone dependent for broadband Internet access than are White adults. 21 In the version of MyChart used, participants were not able to use the mobile app to complete the questionnaire and were required to use the desktop web version of MyChart, as the MyChart mobile app did not yet support questionnaire functionality. As this capability improves and uptake of PHRs increases, a reduction in selection bias regarding study participants recruited via this method should occur.
Recommendations
Data collected from a sample of a target population can lead to biased study results because we rarely obtain a simple random sample of our target population when active participation is required from individuals (e.g., completion of a questionnaire or a physical examination). 22 Estimating representativeness of a study sample has been accomplished in prior studies using various approaches. The first is to assume a simple random sample of the target population. This assumption is rarely met, but obtaining a nonrepresentative sample is not always a threat to study validity or generalizability. 23 For example, the Framingham Heart Study was one of the first to note a (true) positive association between smoking and risk of heart disease. 24 This finding was observed in a population of predominately non-Hispanic White men and women enrolled between the ages of 30 and 62 years, all living in the town of Framingham, Massachusetts. This finding has been consistently replicated in other populations since the biological basis of the association between tobacco and heart disease is similar across population subgroups. However, when estimating the burden of health conditions such as the prevalence of cardiovascular disease in the general population, obtaining a representative sample is of key importance.
Rather than assuming no bias, we can try to estimate the bias introduced by not having the participation of nonresponders. One way to do this is to compare key measures in the study population (e.g., demographics) with those of an appropriate comparison population. However, identifying another study with an appropriate comparison population is not always possible. Thus, a second approach is to use information from prior literature to make informed assumptions about characteristics of the missing respondents or to compare available demographics (e.g., age, sex, and race or ethnicity distribution) between responders and nonresponders. This is ideal since the comparison data come from the population of interest, but these data are not always available. When they are, we might have access only to limited demographic information-and assumptions are subsequently made that the associations found in the study population would be the same as if nonrespondents had participated-given that they are similar to those with matching demographic characteristics.
Using the EHR allows for more accurate estimation of nonresponse bias because a comprehensive list of information about nonresponders can be directly obtained from the EHR, including health status information. When sociodemographic information is relevant, data on factors such as health insurance status and health care utilization patterns can be categorized.
Prior literature suggests that delayed respondersthose that agree to participate later rather than earlier for a given research study in response to a reminder postcard or similar prompt-will be similar to nonrespondents. 25, 26 Thus, a third approach to estimating representativeness is to compare key participant characteristics between early responders and delayed responders. If obtaining a representative sample is important to answer a particular research question, employing similar strategies using the patient portal or following up via phone or mail is recommended. Additionally, incentives were not used in our study but might be considered to improve response rates in future studies. Finally, weighting approaches can be employed to make more accurate estimates from the observed study data using a vast amount of known data passively extracted from the EHR.
Conclusion
The EHR offers advantages to patient care, consolidates information on a patient's experience with the health care system in a centralized location, and improves coordination and continuity of care. Passive EHR use for research purposes is accelerating; active use of the PHR is still emerging and has understandably been approached with caution. This study demonstrates that the EHR and PHR can be leveraged for research study eligibility screening, recruitment, and data collection to enhance research that relies upon the collection of additional information not typically collected during a patient encounter in the inpatient or outpatient setting.
Merging of PRO data obtained through the PHR with a patient's EHR record allows researchers to address questions that otherwise could not be answered with the EHR alone. For epidemiologic researchers, the EHR further provides a rich data source for characterizing individuals that are typically missed in research studies because of nonparticipation, ultimately improving the ability to use observational data from a study sample to answer important scientific questions about the larger population. As the digital divide continues to narrow, the inclusion of underrepresented population subgroups should also increase to further strengthen inferences from population-based studies using this existing administrative infrastructure.
